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otton fiber quality is one of the most important issues in cotton production because of its large effect on the price producers receive for their cotton. For optimum profitability, cotton producers must maximize both the yield and quality of the crop. Precision agriculture technologies provide opportunities for improvement of cotton fiber quality through optimizing crop management. Just as cotton yield maps have been essential to understand spatial relationships between field management practices and crop yield, so also are cotton fiber quality maps required to understand relationships between field management practices and fiber quality. However, there are no cotton fiber quality sensors available for field use on harvesters, so efficient generation of cotton fiber quality maps is currently impossible.
Researchers have conducted experiments using hand harvesting and laboratory measurements and found that spatial variability in cotton fiber quality, as well as significant correlations between crop growth conditions and fiber quality, exist within a field. Elms et al. (2001) measured spatial variability of fiber quality in an irrigated cotton field at Lubbock, Texas, for three consecutive growing seasons. They found that fiber micronaire varied from 3.9 to 6.1, fiber length from 24 to 30 mm, and fiber strength from 27.9 to 56.0 g/tex. Johnson et al. (1998) measured spatial variability of cotton fiber quality in a field at Florence, South Carolina. Their results showed that the short fiber content and micronaire exhibited substantial variability, with 10% of samples in the micronaire price penalty range. Guo et al. (2004) studied the spatial variability of cotton fiber quality within a 40 ha field near Plainview, Texas, for two years and found that micronaire varied from 4.0 to 5.3 in 2001 and from 3.1 to 5.0 in 2002. Wang (2004) reported spatial variability of micronaire from 3.1 to 5.1 in two Mississippi cotton fields. reported that, on a cotton field in Texas, soil moisture content was strongly correlated with fiber length, strength, and length uniformity in irrigated cotton, and strongly correlated with micronaire and elongation in non-irrigated cotton. Many studies have shown that growth-environment fluctuations resulting from variability in weather and cultural practices have influence on fiber length (Bradow and Davidonis, 2000) . In addition to the evidence in the aforementioned studies, Ping et al. (2004) found sand and clay content, exchangeable Ca 2+ and Mg 2+ , NO 3 -, Olsen-P, pH, relative elevation, and slope to be related to yield and fiber quality.
These studies point to the potential of site-specific management to optimize cotton quality and maximize C producers' profit. One way to achieve this potential is to vary farming inputs such as water and fertilizer spatially according to fiber quality and other relevant factors within the field. Another strategy is to make use of existing fiberquality variability by segregating the crop into categories as it is harvested. Often there is a portion of the crop that is of higher quality than the rest, and its value is usually averaged with that of the rest of the crop. If the high-quality portion could be segregated, it could be sold at a higher price, while the rest of the crop could be sold at its current value. To implement either the variable-rate application or segregation-harvesting strategy, the primary lacking ingredient is an efficient method of measuring fiber quality in the field.
Robust and accurate optical instruments can be designed, so they appear to be good possibilities for field fiber-quality sensing. Several studies have considered laboratory-or processing-plant-based optical measurements for fiber quality. Thomasson and Shearer (1995) used spectroscopic methods to analyze cotton quality characteristics and found a strong correlation between near-infrared (NIR) reflectance of cotton fiber and micronaire (R 2 = 0.96). Wang (2004) used the optical measurement techniques of diffuse reflectance and transmittance in the near-and mid-infrared ranges to develop sensor technologies for cotton fiber micronaire measurement. He found a close relationship (R 2 = 0.92) between near-and mid-infrared spectra and micronaire. Montalvo and Von Hoven (2004) conducted research on measuring micronaire, maturity, and fineness with NIR and a Micromat fineness and maturity tester, and they found that the NIR method was more accurate and easier to use. In order to study the spatial variability of cotton fiber quality, Sassenrath et al. (2005) developed a rapid sampling system to collect portions of cotton during mechanical harvest by diverting cotton flow from a chute of a cotton picker. The sampling system also recorded spatial information for each sample, enabling creation of fiber quality maps. Anthony (1992) patented a system for analyzing the color and trash content of cotton as it flows through a gin. The system used a pivoting plate to capture air-entrained cotton and press it against the surface of a window in a conduit to form a face of uniform cotton density for fiber property analysis. Aspects of these techniques can be incorporated into a design for measuring fiber quality automatically during harvest.
OBJECTIVE
The overall goal of this research project was to develop an opto-electronic sensor to measure cotton fiber properties as cotton is harvested in the field, and ultimately to create fiber quality maps for development of fiber-quality based sitespecific management strategies. This article reports results that were obtained in the first phase of this study: development of a multispectral sensor for micronaire determination.
MATERIALS AND METHODS

DETERMINATION OF FIBER-QUALITY SENSITIVE WAVEBANDS
Spectroscopic Measurements
Spectral reflectance of lint cotton was measured with a Cary 500 UV/Vis/NIR spectrophotometer (Varian, Inc., Palo Alto, Cal.) at a wavelength range from 250 to 2500 nm. This spectrophotometer is equipped with a diffuse-reflectance accessory that incorporates an integrating sphere. Due to its geometry, the integrating sphere is able to collect almost all the reflected radiation from the object measured, remove any directional preferences, and present an integrated signal to the detector of the spectrophotometer. The collected spectrum for each lint sample consisted of 1045 reflectance values, each with an averaging time of 0.1 s. The spectrophotometer used in this study allowed choosing measurement resolution in two wavelength regions: the UV-Vis region (from 250 to 892 nm) and the NIR region (from 892 to 2500 nm). A 1 nm resolution was chosen in the UV-Vis region because the reflectance of cotton fiber has a greater variation in that region than in the NIR region, in which 4 nm resolution was used. Both 1 nm and 4 nm resolutions were sufficient for the purposes of this study.
Six types of International Cotton Calibration Standards (ICCS; USDA Cotton Program, Memphis, Tenn.) were chosen for the spectral measurement. They were Am-8, Bm-2, Cm-19, Dm, Gm-10, and Im-37, with micronaire values of 5.58, 4.58, 3.41, 4.03, 2.67, and 5.03, respectively. Five samples were randomly taken from each ICCS to make a total of 30 samples for spectral measurement. Each sample weighed 300 mg, and the volume of each was such that it could be placed into a sampler holder and provide a good surface for measurement.
A plastic sample holder was designed and fabricated specifically so that cotton samples could be presented to the spectrophotometer. The sample holder was 20 mm tall, 26Ămm in outside diameter, and 20 mm in inside diameter. It had a window at one end and a removable cap at the other end. The window was a piece of sapphire glass with a thickness of 1 mm and a diameter of 22 mm. Sapphire was chosen because its transmission from 200 to 6000 nm is roughly constant.
Baseline correction was used in spectral data collection. A spectral reflectance baseline was recorded with a reference disk before collecting cotton reflectance spectra. The reference disk in this case was a manufacturer-provided polytetrafluoroethylene (PTFE) disk. In order to account for the light attenuation caused by the optical window in the sample holder, the same type of sapphire glass as used in the sample holder was placed on top of the PTFE disk during baseline collection. Cotton samples were prepared by placing each 300 mg sample of lint in the sample holder. The cotton was retained in the holder by placing the removable cap over the open end of the holder. Each cotton sample was then mounted over the sample port of the spectrophotometer with the sample holder's window pressed against the sample port. The integrating sphere then collected the energy reflected from the cotton sample surface. One spectral measurement was taken for each sample.
Spectral Data Analysis with Multiple Linear Regression
The relationship between micronaire and spectral reflectance was evaluated with multiple linear regression models. It was observed from the spectral graphs that the reflectance spectra varied significantly with micronaire in the NIR region while changing little in the ultraviolet and visible wavebands ( fig. 1) . Thus, the NIR region was deemed a promising waveband for the purpose of this research, and the UV-Vis region was not considered further. These results are consistent with previous reports in the literature (Thomasson and Shearer, 1995; Wang, 2004) . By visual inspection of NIR spectral characteristics, seven informational wavebands in the NIR region, each with a bandwidth of 100 nm, were identified from each sample spectrum for model development. The primary reason for selecting 100 nm as the bandwidth was that it could be practical in sensor development to use optical filters with bandwidths around 100 nm. The central wavelengths for the 100 nm wavebands were 1120, 1296, 1550, 1664, 1852, 2020, and 2340 nm. An average reflectance value was calculated for each 100 nm waveband. These 100 nm average values were analyzed with the SAS procedure PROC REG (SAS Institute, Inc., Cary, N.C.) in order to determine the relationship between spectral reflectance and micronaire.
To look at the relationship between micronaire and cotton reflectance in a different way, wavelet analysis was applied to process cotton sample spectra, and the resultant wavelet coefficients were used as regressors for micronaire values. Compared to other spectral processing methods such as band averaging, wavelet analysis provides wavelet coefficients that cover varying bandwidths. Wavelet coefficients entered into the regression models (referred to as wavelet regressors hereafter) thus tend to indicate not only the informational wavebands but also the bandwidths associated with them. In optical sensor design and development, central waveband and bandwidth are both important in the selection of appropriate optical filters. From this standpoint, wavelet analysis is advantageous over other spectral data processing methods such as band averaging and principal component analysis that cannot provide bandwidth information. A more detailed explanation of the theory and application of wavelet analysis to spectral analysis can be found in and Ge et al. (2007) .
Since the NIR range appeared promising, and since a detector with a wavelength range of roughly 1000 to 1700 nm was being considered for sensor development, the original fiber spectra (from 250 to 2500 nm) were reduced to a range from 1000 to 1700 nm. Spline interpolation was implemented with MATLAB (version 7.0) to re-sample the truncated spectra at a rate of 5.51 nm, resulting in 128 (700 / 5.51 + 1) sampling units in each reflectance spectrum. This method facilitated dyadic wavelet decomposition, which requires the number of central wavelengths considered to be a power of 2. Each reflectance spectrum was then subjected to five levels of dyadic wavelet decomposition. Approximation coefficients at scales five, four, three, and two, which corresponded to bandwidths of 4, 8, 16, and 32 sampling units [or 22 (4 × 5.51), 44 (8 × 5.51), 88 (16 ×5.5) and 176 (32Ă× 5.5) nm], respectively, were extracted for multiple regression analysis. This yielded a total of 60 variables in the wavelet domain. The mother wavelet used was the Haar wavelet, and wavelet decomposition was performed with the MATLAB (version 7.0) Wavelet Toolbox. Multiple regression analysis was then performed with SAS procedure PROC REG to regress micronaire (dependent variable) against the approximation coefficients (independent variables). The STEPWISE variable selection criterion was used. The level of significance to include a variable in and remove it from the model was set at 0.25.
MULTISPECTRAL SENSOR DEVELOPMENT Sensor Design and Fabrication
Based on the spectroscopic study described above, a prototype camera-based multispectral sensor was built for determining fiber quality. The sensor consists of an Alpha VisGaAs camera (FLIR Systems, Inc., Goleta, Cal.) with optical filters, a halogen light source, an image frame grabber, and an image analyzer ( fig. 2) . The camera and filters were mounted face down toward a cotton sample holder (described below). Cotton fiber images acquired by the camera were captured with an image frame grabber board (IMAQ PCI-1422, National Instruments, Austin, Tex.) installed in a laptop-PC-based image analysis system used to collect, record, and analyze the images.
The camera used in the multispectral sensor was able to capture images in the visible and NIR regions (from 400 to 1700 nm). With a frame grabber board and a digital interface cable, the camera system could output real-time, 12-bit digital image data (i.e., pixel values from 0 to 4095) at a 30ĂHz frame rate and allow the user to control camera functions including integrating time, gain state, etc. An 8 mm wide-angle (61.9 × 51.3 degrees field of view) lens was used with the camera. The distance between camera lens and cotton sample was 445 mm. Three optical bandpass filters (Thorlabs, Inc., Newton, N.J.) were employed for collecting images at the central wavelengths of 1450, 1550, and 1600Ănm, each with 12 nm FWHM (full width at half maximum) ( fig. 3 ). The central wavelengths were selected based largely on the results of the wavelet-coefficient analyses and the commercial availability of optical filters at various wavelengths and bandwidths. Combining the camera and bandpass filters, the sensor was able to acquire images at each selected narrow waveband sensitive to cotton fiber quality. With the current prototype sensor, a selected filter was manually placed in front of the lens before image acquisition. However, in the completed sensor system, the filters will be changed by an automated control device. Two 20 W halogen lamps (MR-16, Ushio, Cypress, Cal.) were used with a Frostline reflector (Ushio, Cypress, Cal.) to provide diffused light sufficient to illuminate cotton fiber during image acquisition. The color temperature of the lamps was 2900 K, giving a high level of sensitivity in the NIR range under consideration. Two bases were fabricated for mounting the lamps so that the angles of incidence of the light could be adjusted to avoid "hot spots" in images.
Sampler Holder
A sample holder was designed and fabricated to present fiber samples for image acquisition. The holder consisted of two plates. The top plate was a 152 × 152 mm optical window (3 mm thick Borofloat glass with 91% transmittance from 400 to 2000 nm) glued on a 230 × 230 mm PVC frame with a thickness of 6.3 mm and a hole cut for sample viewing through the window. The bottom plate was simply a 230 × 230 mm PVC plate with a thickness of 6.3 mm. One hole was drilled at each corner of the plates for fastening them together. A cotton sample could be laid between the plates, and butterfly nuts and screws were used to fasten them together and press the lint tight between them so as to avoid shadows in the sample.
Image Data Analysis with Multiple Linear Regression
The same six ICCS cotton samples used in the spectroscopy were used to evaluate the prototype in the lab. A 100 g lint subsample was randomly taken from each ICCS sample and evenly laid on the bottom plate of the sample holder. The top part of the sample holder was then placed on the lint and fastened together with the lower plate by handturning the butterfly nut onto the screw at each corner. A prepared sample was placed under the camera for measurements (fig. 2) . The halogen lamps were powered by a 9 VDC power supply, while the camera and PC used 120ĂVAC through power adaptors. The composite sensor was turned on for 30 min before acquiring images to facilitate stable operation, particularly so that the halogen light output would be stabilized to provide a consistent light intensity. The camera, halogen lights, and the sample were enclosed in a box to prevent the interference from ambient light sources. In order to avoid light reflection inside the box, the interior walls of the box were painted flat black.
The software used with the sensor for acquisition and analysis of cotton fiber images was IRVista (Indigo Systems Corp., Goleta, Cal.). It was installed on a Dell laptop PC with the Windows XP operating system. The IRVista software is based on National Instruments LabVIEW, and it provides the user with real-time image acquisition, storage, retrieval, display, processing, and analysis of still images and video. During image acquisition, camera-control selections made in IRVista were an integration time of 5,000 ms and high gain mode. When a cotton sample was placed under the camera, the sensor was in live operating mode and acquired and displayed cotton images at 14 frames/s. Upon selecting the "freeze" command in the application window of IRVista, an image was frozen for analysis. The ROI (region of interest) analysis tool in IRVista was used to compute pixel values in a selected region of the frozen image. (For purposes of this early sensor-development work, all image analyses were conducted with raw pixel values instead of converting them to some type of reflectance-based index.) Pixel values in each waveband along with maximum, minimum, and average (ROI data) were recorded for each selected region. Three regions were randomly selected around the center of each image. Thus, 54 total regions were selected for the six cotton samples and three wavebands.
A histogram (e.g., fig. 4 ) was also collected for each sample at each waveband, giving 18 histograms in total. Histograms were analyzed, and even though they were consistently skewed left, the pixel values of interest in each histogram were consistently within roughly a 496-pixelvalue range around the maximum-frequency pixel value. For example, if the maximum-frequency pixel value were 2500, the range of pixel values of interest could be assumed to be from 2252 to 2748. Therefore, after the maximum-frequency pixel value in each histogram was identified, pixels values within a 496-pixel-value range around that value were extracted, and their average pixel value was computed.
The ROI and histogram data were analyzed separately with multiple linear regression (PROC REG procedure; SAS 
RESULTS
DETERMINATION OF FIBER-QUALITY SENSITIVE WAVEBANDS
In the spectra averaged across five replicates of the cotton samples ( fig. 1 ), a high level of variation was evident in the NIR region, but there was very little change in the visible region. (It is worth noting an obvious noise spike near 900Ănm, caused by a change in detectors inside the spectrophotometer; this noise was present for all samples.) In general, cotton fibers with lower micronaire reflected more NIR energy. Multiple linear regression models for micronaire based on 100 nm waveband averages (table 1) indicated that micronaire had a close relationship (R 2 = 0.89) with reflectance in the seven wavebands considered. Micronaire could be predicted well (R 2 = 0.88) even with a model involving only two wavebands as independent variables. The waveband centered at 1500 nm was the single band most closely related to micronaire in this case.
In multiple linear regression with wavelet coefficients, a very close relationship (R 2 = 0.97) between spectral reflectance and micronaire was indicated when six coefficients were included in a calibration model (table 2) : F25, centered at 1550 nm, bandwidth 44 nm; F9, centered at 1395 nm, bandwidth 88 nm; F51, centered at 1450 nm, bandwidth 22 nm; F49, centered at 1495 nm, bandwidth 22Ănm; F56, centered at 1605 nm, bandwidth 22 nm; and F57, centered at 1627 nm, bandwidth 22 nm. As models with from one to six wavelet coefficients were considered, R 2 values ranged from 0.94 to 0.97, much higher than those obtained with 100 nm band averages. The reason for the difference is likely related to the fact that the bandwidths of wavelet regressors were narrower than the 100 nm bandwidth. It is important to note that all the bandwidths considered in this work (from 22 to 100 nm) are practical for development of an optical fiber quality sensor, since optical sensor development often employs optical filters with bandwidths from 10 to 100 nm. Interestingly, the wavebands in the best three-band wavelet model were centered at 1605, 1550, and 1450 nm, a result similar to that obtained with the 100 nm waveband averages. Results from both analysis methods indicated that a model involving one to three selected wavebands could make an accurate determination of fiber micronaire, and the prediction accuracy of the model would not be improved much by adding more wavebands (tables 1 and 2). Although wavebands centered at 2020 and 2340 nm were related to micronaire as well, the cost of opto-electronic detectors in that wavelength region is much higher than at 1700 nm or lower. This kind of information is useful in simplifying the design of a fiber quality sensor.
MULTISPECTRAL SENSOR DEVELOPMENT
Results of testing the camera-based multispectral sensor with the six ICCS cotton samples indicated that image pixel values had a very strong relationship with micronaire. TableĂ3 summarizes results of the ROI processing method. Each pixel value in the table is the average of the sample in the selected image region. The lint with higher micronaire had lower pixel values in all three NIR wavebands. This result was consistent with the spectroscopy data, which indicated higher reflectance with lower micronaire values. Regression analysis results (table 4) indicated that micronaire has a very close relationship (R 2 = 0.98) with pixel values in the three wavebands (1450, 1550, 1600 nm) involved in the model. The coefficient of determination was as high as 0.93 even when only the 1550 nm waveband was used in the model. Compared with the 1550 and 1600 nm bands, the reflectance at 1450 nm has a weaker relationship with micronaire. Combining the 1550 and 1600 nm bands could be a practical option for micronaire measurement, because the model with only those two bands has an R 2 value of 0.98, as great as that of the model with three wavebands. micronaire and the image pixel values. The 1450 nm band was not as strongly related as the other two bands. The 1600Ănm band had a much stronger relationship with micronaire in the histogram data (R 2 = 0.96) than in the ROI data (R 2 = 0.88). In general, the R 2 value from histogram data was higher than from ROI data as the same waveband variable was used in the model. This difference could be partially due to the fact that observations used in histogram data analysis (n = 6) were fewer than those used in ROI data analysis (n = 18), and thus the level of within-sample variability could have been less. Results from both ROI data analysis and histogram data analysis suggested that, with either method, the sensor could do an excellent job in determining lint micronaire with only two wavebands, 1550Ănm and 1600 nm. Predicted micronaire was calculated with a three-waveband (1450, 1550, and 1600 nm) model developed from ROI data and a two-waveband (1550 and 1600 nm) model from the histogram data. The predicted values were plotted versus actual micronaire (figs. 5 and 6), and it was clear that both models performed well at predicting micronaire. Prediction error tended to be slightly higher toward the middle of the graph. When wavelet coefficients were compared to ROI data as regressors for micronaire, two wavelet coefficients at 1550 and 1605 nm had a slightly weaker relationship with micronaire (R 2 = 0.94, table 2) than did comparable ROI data at 1550 and 1600 nm (R 2 = 0.98, table 4). This difference could be due to the differences in bandwidths used: 44 nm at 1550 and 22 nm at 1605 nm for wavelets, and 12 nm for the ROI data. Narrower wavebands appear to increase the sensitivity of the system, but it should be pointed out that the narrower the bandwidth, the less optical energy can be intercepted by the detector within a fixed integration time. It might thus be difficult to accurately measure a weak optical signal with very narrow bandwidths. Both the sensitivity of a system and the feasibility of achieving the target sensitivity should be considered in designing an optical sensor.
DISCUSSION
Reflectance at 1450 and 1900 nm could be affected by the moisture content of the sample. However, the samples measured in the experiments were standard lint samples having been stored under the same low-humidity conditions for many months, and therefore they had similar moisture contents when the measurements were made. Thus, the experimental results obtained in this study were not affected by moisture content. If the sensor reported here is used to measure cotton fibers with different moisture contents, the moisture content must be measured and taken into consideration while developing sensing models, assuming wavebands at or near 1450 or 1900 nm are used. Nevertheless, the 1900 nm band would likely not be chosen to develop a sensor for cotton fiber quality because (1) bands at 1450, 1550, and 1600 nm are more sensitive to fiber quality, and (2) detectors sensitive at 1900 nm are more expensive. Furthermore, it may be possible to use only the 1550 and 1600 nm bands, because the model including only these bands estimated cotton micronaire very well.
This multispectral sensor could be used with a GPS receiver for cotton fiber quality mapping in the field and potentially implemented on a cotton harvester for harvest segregation based on cotton fiber quality. If farm management practices are uniform across a field, then a map of cotton fiber quality variation within the field can provide understanding of how non-uniform growing conditions affect lint quality. For example, it is well known that pest pressure can be aggregated within a field, and many times crop managers are interested in determining pest population thresholds that may affect crop value (Morgan et al 2002a and 2002b) . Having a map of lint quality and yield and knowing the pest pressure can provide information for management decisions concerning pesticide applications. It is also well known that soil variability is related with differences in fiber quantity, but the reasons for this relationship are less well understood. Having fiber quality maps for a field could facilitate understanding in this area. A study in an irrigated cotton field during a dry year showed a significant relationship between soil variability and lint yield and between soil variability and fiber quality (Morgan et al., 2008) . A second year of the study was wet, and while a strong relationship between lint yield and soil still existed, there was a much weaker relationship between fiber quality and soil. Results from this study have led the researchers to investigate reducing planting density on soils with lower water-holding capacity in order to mimic the better growth conditions during the wetter year when the crop was less water stressed. In this case, knowing how lint quality responded to soil variability has led to a potential management practice for improving quality uniformity in a field based on soil type. With development of yield and quality sensors that can map yield and quality year after year, further observations can be made to better understand the soil-fiber quality interactions over time and throughout many soil types and environmental conditions.
Since the image acquisition was conducted under a wellcontrolled environment, and image variation caused by change of operation conditions should be negligible, no reference images were collected in this study. Pixel values from the camera were directly used in the image processing (tables 3 and 5). In future work of this research, white reference images will be collected and used to convert pixel values of cotton image to reflectance values so that the model performance can be improved as the sensor is used in field conditions.
SUMMARY AND CONCLUSIONS
In developing a sensor for determining cotton fiber quality, reflectance spectra of cotton fiber samples having different micronaire levels were measured with a spectrophotometer. It was observed, consistent with literature on the subject, that cotton fibers with lower micronaire values reflect more energy at most wavelengths from 900 to 2500Ănm. The relationship between micronaire and spectral reflectance was evaluated with multiple linear regression analysis based on two measures of spectral reflectance: 100Ănm waveband averages of spectral data, and wavelet coefficients based on the spectral data. Micronaire was closely related to reflectance values in seven 100 nm wavebands from 900 to 2500 nm and could be estimated well (R 2 = 0.88) even with a model involving only two wavebands as independent variables. Micronaire was even more closely related to wavelet coefficients and could be estimated very well (R 2 = 0.94) with a two-regressor model.
A sensor consisting of a VisGaAs camera, three optical bandpass filters, a halogen light source, a fiber sample holder, and an image collection and processing system was developed. The optical filters for the multispectral camera had been selected based on the multiple linear regression analyses with the 100 nm wavebands and wavelet coefficients. The camera's image of cotton fiber was a measure of fiber reflectance at the selected wavebands. Image data were collected in terms of both ROI (region of interest) pixel-value data and histogram-based pixel-value data. Again, the relationship between micronaire and spectral reflectance was evaluated with multiple linear regression analysis based on the two sensor-based measures of spectral reflectance. Results indicated that fiber micronaire has a very strong relationship with pixel values at the 1550 and 1600 nm wavebands, with ROI data having an R 2 value of 0.98 and histogram-based data having an R 2 value of 0.99.
